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L ), and to determine the variability in the effect size among studies. Fungicides led to a significant (P < 0.001) reduction in disease with an + L value of 1.198 , indicating that, overall, fungicides were highly effective against cucurbit downy mildew. Fixed-and randomeffects meta-analyses were then conducted to determine the effects of moderator variables on + L . The fixed-effects model resulted in narrower 95% confidence intervals and generally lower estimates of moderator subgroup mean effect size ( L ) than the random-effects models.
Fungicide efficacy was significantly (P < 0.001) greater in cucumber, with L being 26.5% higher in cucumber than in other cucurbits. Year of study, number of sprays, and disease pressure in the control significantly Studies in which disease pressure was moderate had a significantly higher L than studies with either low or high disease pressure. Fungicide efficacy was ≥22% in studies that received 5 to 6 sprays than in studies that received 1 to 4 or >6 sprays. Fungicide products led to a significant (P < 0.001) reduction in disease, although there was substantial betweenstudy variability. The pyridinylmethyl-benzamide group of fungicides (fluopicolide) was the most effective, followed by the carbamate (propamocarb) and quinone inside inhibitors (cyazofamid) group of fungicides, while the carboxylic acid amide group (mandipropamid and dimethomorph) was the least effective. A combination of protectant and systemic fungicides resulted in a proportional increase in L compared with sole application of either protectant or systemic fungicides.
Additional keywords: fixed-and random-effects models, Pseudoperonospora cubensis.
Cucurbit downy mildew is one of the most damaging diseases of cucurbitaceous crops worldwide. The disease is caused by the oomycete pathogen Pseudoperonospora cubensis (Berk. & M. A. Curtis) Rostovzev, which was first documented in Cuba in 1868 (3) . Downy mildew on cucurbits can be found in temperate areas, such as the Americas, Europe, Japan, and Australia; in tropical areas in South Africa; and in some semiarid regions in the Middle East. Within these regions, the disease is especially damaging in areas characterized by warm and humid weather that favors disease development (31) , such as in the southeastern United States.
At least 50 cucurbit species are known hosts of P. cubensis but the most economically important host crops are Cucumis sativus (cucumber), Cucumis melo (cantaloupe and muskmelon), Cucurbita pepo (zucchini, pumpkin, and winter and summer squash), and Citrullus lanatus (watermelon) (26) . Among these crop host species, cucumber (Cucumis sativus) is relatively the most susceptible to P. cubensis. In the eastern United States and California, cucurbit downy mildew is an annual problem on cucurbits in late summer and fall. Since the 1960s, resistance in Cucumis sativus had adequately controlled the disease with minimal use of fungicides (17) . However, in 2004, the cucumber crop in North Carolina, Virginia, Delaware, Maryland, and New Jersey was devastated by downy mildew, resulting in a 40% region-wide loss of the crop. For cucumber alone, the average yield loss for the entire region in 2004 was estimated at $20 million (17) . In cucurbits, host plant resistance alone is no longer sufficient to control downy mildew (25, 26) . Thus, fungicides are now routinely applied in commercial cucurbit fields throughout the eastern United States and elsewhere to adequately control the disease.
In 1996, the sales value of the global fungicide market for controlling cucurbit downy mildew was $120 million (11) . Phenylamides, strobilurins, carboxylic acid amides (CAAs), benzamides, cyanoacetamide-oxime, and carbamates are among the fungicide chemistries commonly used to control this disease. Since their discovery in 1977 (44) , phenylamide fungicides such as metalaxyl contributed to effective control of diseases caused by members of the order Peronosporales (12) . However, 2 years after introduction, the first metalaxyl-resistant isolates of P. cubensis were reported in Israel (35) . Strobilurin fungicides, such as azoxystrobin and trifloxystrobin, were launched in 1996 (39) and represented a new and important class of chemicals that provided control of fungal diseases caused by oomycete, ascomycete, and basidiomycete pathogens. However, reduced efficacy of strobilurins was also reported in P. cubensis in Japan in 1999 (19) . The systemic carboxylic acid amide fungicides were developed primarily to control downy mildew and were effective in controlling cucurbit downy mildew until resistance in P. cubensis was reported in 2004 in China (49) . In the late 1990s, the pyridinylmethyl-benzamide fungicide, fluopicolide, the first of a new generation of fungicides with a novel mode of action, was developed by Bayer CropScience to control a wide spectrum of oomycete diseases (4) . Launched in the United States in 2007, fluopicolide has now become a new standard for oomycete disease control and, to date, there are no reports that document reduced sensitivity of P. cubensis or other oomycetes to this fungicide.
Mixtures of single-site (systemic) and multi-site (protectant) fungicides have been recommended for disease control programs in an effort to prolong the efficacy of systemic fungicides by delaying build up of resistant strains in pathogen populations (41) . When compared with treatments using a protectant fungicide alone, mixtures of systemic and protectant fungicides are expected to provide superior efficacy and have the advantage of permitting longer spray intervals. However, a number of factors, including the type of fungicide and the existing pathogen population, influence the effectiveness of mixtures of systemic and protectant fungicides. For example, mixtures of metalaxyl with mancozeb were less effective in reducing cucurbit downy mildew on cucumber compared with the mancozeb treatment alone (38) whereas, in an earlier study (37) , a mixture of these two fungicides was more effective than sole applications of either fungicide. This latter case most likely illustrates the influence of the pathogen population on the effectiveness of fungicide mixtures in disease control.
When downy mildew occurs early in the cucumber growing season, up to 11 sprays may be necessary to adequately control the disease. More than 30 different fungicide products are labeled for managing cucurbit downy mildew in the United States. Many of these labeled products, including new products under trial, are evaluated annually in fungicide efficacy tests. Results of these efficacy tests are submitted by individual investigators and published by the Plant Management Network as short reports (typically one page), with an emphasis on the table of results. In these reports, the magnitude of disease reduction is variable among studies evaluating the same fungicide products. This variability in fungicide efficacy results leads to different interpretations and, hence, different recommendations to growers within the state or region where the study was conducted. Furthermore, due to the large number of products and product combinations, no single study can make all the appropriate comparisons. Thus, there is a need to summarize efficacy data from many studies in order to draw the most robust conclusions.
Here, we use a meta-analytical approach (29, 32) to quantitatively review the results of fungicide efficacy trials for controlling cucurbit downy mildew in the eastern United States from 2000 to 2008. Meta-analysis is an objective approach for integrating and interpreting results and drawing conclusions from multiple studies. This analytic approach also allows for the evaluation of study-specific characteristics that are likely to influence treatment effects (27) . The objectives of the quantitative research synthesis reported herein were to (i) quantify the overall efficacy of fungicide treatments in reducing downy mildew intensity in cucurbits; (ii) determine to what extent fungicide efficacy is influenced by cucurbit type, overall disease pressure, and the number of spray applications; and (iii) evaluate differences in efficacy among fungicide classes used to control cucurbit downy mildew. . These sources were chosen primarily because they publish a diverse range of fungicide efficacy studies regardless of whether their results are positive (i.e., with significant differences) or negative. A set of criteria was applied to determine whether or not a particular report could be included in this analysis. First, the report had to provide at least one measure of disease intensity such as disease incidence, disease severity, area under the disease progress curve, or disease intensity expressed as an index or on an arbitrary scale. In cases where both incidence and severity were available, the latter was used in the analysis. Second, an estimate of the pooled sample variance (s 2 pooled ) from the analysis of variance had to be provided for the report to be included in the database. Fixed-and random-effects meta-analyses were performed to estimate the overall mean effect ) (L and to determine the variability in the effect size among studies. This was prompted by the need to reexamine recommendations in literature where random-effects models have been proposed for routine use in meta-analysis in preference to fixed-effects models. If L 1 ,…,L k are k independent effect-size parameters, and k L L,..., 1 are the corresponding effect-size estimates with estimated variances var )
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( 1 L ,..., var ) ( k L , the fixed-effect model can be written as L i = β 0 + β 1 X i1 + … + β p X ip , while the random-effects model can be written as L i = β 0 + β 1 X i1 + … + β p X ip + u i , where X i1 ,…X ip are the p study characteristics for the ith study, β 0 is the intercept, β 1 ,…β p are regression coefficients for the p study characteristics, and u i is the deviation between the true and effect predicted size. The random effect u i is assumed to be independent with mean zero and variance σ 2 L . The fixed-effect model above can be estimated using
, are assumed to be independent with a mean zero and variance var ) ( i L . Similarly, the random-effects model can be estimated using
.. . The fixed-effects model was fitted using PROC MIXED of SAS (version 9.1, SAS Institute, Cary, NC) in which study was considered as a fixed effect and L i was weighted by 1/var ) ( i L . The random-effects model, in which study was considered as a random effect and
, was fitted using PROC MIXED of SAS based on the maximum likelihood method (27) .
Estimation of the between-studies variance component. An estimate of the between-study variance component ( L 2 σ ) was obtained when the homogeneity test resulted in a value of Q T greater than the theoretical χ 2 value. The normal procedure in estimating σ is by maximum likelihood using PROC MIXED of SAS (27) , where a random-effects model is fitted in which
The maximum likelihood estimation is more efficient if the distributional assumptions about the studyspecific random effects are correct; however, these assumptions are often difficult to either justify theoretically or verify empirically (14) and, thus, distribution-free estimates of the betweenstudies variance component ( τ at zero can be a source of bias when k is small but this bias becomes insignificant when k > 20 (16) .
Analysis of moderator variables. Fixed-and random-effects meta-analyses were expanded to evaluate the effect of dichotomous or ordinal moderator variables on the overall mean effect size, + L . First, entries were grouped based on whether the cucurbit crop used in the study was cucumber (Cucumis sativus) or other cucurbit species (Cucumis melo, Cucurbita pepo, or Citrullus lanatus). Second, entries were then grouped based on whether the other cucurbit species in the study was Cucurbita pepo (squash), Cucumis melo (cantaloupe), or Citrullus lanatus (watermelon). A disease pressure variable (DP) was defined based on the disease intensity in the untreated control (DP C ) and the expected maximum disease intensity (DP MX ) for the study as DP = (DP C /DP MX ) × 100. The corresponding disease pressure classes were (i) low (DP < 30%), (ii) moderate (DP = 30 to 50%), and ( Treatment-oriented moderator variables included (i) the number of spray applications, whereby entries were grouped into three categories based on whether 1 to 4, 5 to 6, or >6 sprays were applied for disease control, and (ii) fungicide grouping based on the Fungicide Resistance Action Committee code list (1) . Depending on the subgroup name of fungicide product (Table 1) , fungicide classes were defined for each entry: (i) a single systemic group applied alone or in combination with another systemic group, (ii) a single systemic group applied in combination with a protectant group, and (iii) two systemic groups applied in combination with a protectant group. Entries with three or more systemic groups applied in combination with or without a protectant group were too infrequent to warrant further analysis. Based on this definition, 23 fungicide subgroups were defined.
The moderator variables (crop type, other cucurbit type, year of study, disease pressure, number of sprays, and fungicide group) were considered to be fixed effects. Thus, the overall meta-analytical model was a fixed-effect model for the fixed-effects metaanalysis but a mixed-effects model for the random-effects metaanalysis. An independent meta-analysis was performed for L and for each moderator variable. To determine whether moderator variables significantly affected overall mean log-transformed standardized mean effect size ( + L ) and to estimate separate mean effect sizes for sub-groups of a moderator variable ( L ), models were fitted using PROC MIXED of SAS using the same weights described above. These models were identical to those described for models fitted without moderator variables, except that the mean effect size was composed of terms for each level of the moderator variable. The use of weights is analytically much easier to implement in PROC MIXED than approaches commonly presented in meta-analytical articles (46) that use sampling variance data sets. The significance of moderator variables on the effect sizes was based on a χ 2 test (27) . Two levels of a moderator variable were considered significantly different if the 95% confidence interval around the difference of their L values did not include zero (13) .
RESULTS
Percent control and standardized mean effect size. Percent control based on the difference in mean disease intensity between the untreated check ( C DI ) and the corresponding fungicide treatment ( T DI ) expressed as percentage of the untreated check,
, varied from 7 to 85% across all the studies. In all, ≈60% of the studies had a percent disease control ≤50%, while 40% of all the studies had a percent control >50% (Fig.  1A) . The standardized mean effect size, d, varied from 0.74 to 15.3 (Fig. 1B) . Out of 105 studies in the database, 99% had a large magnitude of disease suppression (d > 0.8). The mean effect size across studies (d + ) was 3.3, indicating that fungicides had, on average, a very large effect on disease suppression. Further, the 95% confidence interval of d + was 2.9 to 3.7, implying that d + was significantly >0.
The plot of the distribution of d values revealed a significant deviation from normality (P < 0.0001, based on the Shapiro Wilk test). However, a frequency plot of the natural log of d, lnd = L (Fig. 1C) , was normally distributed (P = 0.2678, based on the Shapiro Wilk test). The null hypothesis of homogeneity across studies based on L was rejected (Q T = 417.1, n = 105, P < 0.001), indicating that variability in L was greater than would be expected due to random sampling error. Thus, a fixed-and random-effects meta-analysis was performed to determine the influence of selected moderator variables on natural-log of combined estimate across studies, L + .
Influence of moderator variables on fungicide efficacy. The overall log-transformed standardized mean effect size ( + L ) was significantly (P < 0.001) different from zero, based on the standard normal meta-analysis test. Based on the fixed-and randomeffects models, the estimated + L was 1.151 and 1.198, respectively ( Table 2 ). The corresponding untransformed standardized effect size, d + , was 3.2 and 3.3, respectively. The 95% confidence interval for + L was narrower for the fixed-effects model (1.031 to 1.270) but wider for the random-effects model (1.1047 to 1.348). The estimated random-effects variance component for + L based on maximum likelihood was 0.317 (Table 2 ) and was significantly (P < 0.0001) different from zero based on a standard normal test, with a 95% confidence interval of 0.210 to 0.425. The calculated distribution-free random-effects variance component was 0.195.
Based on the χ 2 tests, + L was significantly affected by all the moderator variables evaluated in this study (Table 3 ). The between-groups heterogeneity (Q b ) was equally significant (P < 0.001) for the fixed-and random-effects models. The withingroups heterogeneity (Q w ) was highly significant (P < 0.0025) based on the fixed-effects model except for the fungicide variable, where Q w was not significant (P = 0.5128). None of the Q w heterogeneities were significant based on the random-effect model ( Table 3 ). The random-effects model resulted in slightly higher estimates for + L , larger variance for + L and, thus, wider 95% confidence intervals for + L than the fixed-effects model, except for fungicide products. For this latter subgroup, the random effects model resulted in larger variances and wider 95% confidence intervals for + L than the fixed-effects model but + L values were not consistently higher for the random-effects than the fixed effects model (Table 4) . When studies where categorized based on the cucurbit species, studies in which fungicides were used on cucumber had significantly higher (P < 0.001) subgroup mean effect size ( L ) than studies in which fungicides were evaluated on other cucurbit species ( Fig. 2A) . Disease response to fungicides was ≈27% higher in cucumber than in other cucurbit types (Table 4) . Based on the significant Q w for the fixed-effects model for all host types, other cucurbit type grouping was broken down and analyzed as a separate moderator variable, and studies that had Cucumis melo as the host crop had significantly higher L than studies in which either Citrullus lanatus or Cucurbita pepo was the host plant (Fig.  2B) . Disease response to fungicide application on Cucumis melo was ≈35 and 60% higher than that observed on Cucurbita pepo and Citrullus lanatus, respectively. The width of the 95% confidence interval around L was narrowest for studies with Cucurbita pepo and widest for studies with Cucumis melo, regardless of whether the analysis was based on a fixed-or randomeffects model. The wider interval for the latter group of studies reflected the relatively small number of study-fungicide combinations considered in this category (n = 46) and the large sampling variance (Table 4) (Table 4) .
All disease-and treatment-oriented moderator variables (disease pressure, number of spray applications, and fungicide products) significantly (P < 0.001) affected + L (Table 3) . Studies with moderate disease pressure (30 to 50% disease intensity in the control) had a higher estimate of L than studies in which the disease pressure was low (<30%) or high (>50%) (Fig. 4) . The lowest estimate of L was observed in studies with the lowest disease pressure and this estimate was 40% lower than that of studies for which disease pressure was moderate ( Table 4 ). The width of the 95% confidence interval around L was widest for low disease pressure, which reflected the relatively small number of entries (n = 87) for this category and the large sampling variance (Table 4) . When categorizing studies based on number of spray applications, studies that received 5 to 6 sprays had signi- Table 4) .
The effect of fungicide product on + L was also statistically significant (P < 0.001). Among fungicide groups where sole applications of their respective fungicides was used, studies in which fluopicolide was used to control downy mildew had significantly the largest L , while the smallest estimate of L was in studies that received a CAA fungicide (Fig. 6) . The estimate of L in studies that received a sole application of fluopicolide was 18% higher than in studies that received sole applications of carbamates or QiI fungicides but >200 and >300% higher than in studies with sole applications of phenylamide and CAA fungicides, respectively (Table 4) . In addition, studies that received both a systemic and protectant fungicide had a correspondingly larger L than studies that received separate applications of either a systemic or a contact fungicide (Fig. 6) . In this latter category, the estimate for L was highest in studies that received fluopicolide and a protectant fungicide. Further, in this latter group, studies that received a demethylation inhibitors and a protectant fungicide had the widest confidence interval around L , reflecting the larger sampling error and smaller number of entries (n = 11 and 12, respectively) ( Table 4) .
Compared with fixed-and random-effects models fitted without moderator variables, models fitted after the inclusion of moderator variables resulted in only marginally smaller between-study variances for + L (data not shown). The above moderator variables accounted for 5 to 9% of the between-study variance for + L and, thus, up to 90% of variation among studies was not accounted for in our meta-analysis models, although all the moderator variables significantly affected + L .
DISCUSSION
Fungicide efficacy trials are routinely conducted to determine the effectiveness of different fungicides in controlling cucurbit downy mildew. Results from these individual studies vary widely and range from no reduction to considerable reduction in disease intensity (10, 22, 47) . This variation can be attributed to, among other factors, (i) inherent differences among fungicides in their effect against P. cubensis (37), (ii) differences in fungicide application rates, (iii) timing of first application in relation to disease onset, (iv) differences in the aggressiveness of local pathogen populations (35) , (v) differential susceptibility of cultivars to cucurbit downy mildew (48) , and (vi) differences in weather conditions prevailing at the test locations which result in variable levels of disease intensity or a variable response of host to infection. The wide range in efficacy of fungicides in individual studies and the inability to evaluate all available products in a single study demands the need for an objective approach to integrate and interpret results so that conclusions can be drawn from multiple studies conducted in several locations and years. Meta-analysis allows for the evaluation of study-specific characteristics that are likely to influence efficacy of fungicides in controlling cucurbit downy mildew. Fixed-and random-effects meta-analyses showed that the efficacy of fungicides on cucurbit downy mildew is very high on average but variable among studies. The random-effects model generated larger estimates of + L or L than the fixed-effects model. The corresponding 95% confidence interval bands for estimates were narrower for the fixed-effect model than for the random-effect model. Thus, this would indicate that estimates from the fixed-effects model are more precise than those from the random-effects model (13) . However, Hunter and Schmidt (18) argue that, unlike random-effects models, the confidence intervals of fixed-effects models overstate the precision of the estimates of the difference between subgroups of moderator variables. The basis of the argument by Hunter and Schmidt (18) is that fixedeffects models fail to account for true between-studies variance that random-effects models include as a defining parameter which, in this study, was 0.3 or 0.2 (based on a distribution-free model). Thus, random-effects models have been recommended (18) for routine use in meta-analysis in preference to fixed-effects models.
Application of fixed-effects significance tests and confidence intervals is based on the assumption that the studies being analyzed are homogeneous at the level of study population effect sizes. For example, for the effect size, L, the fixed-effects model assumes that the population value of L is the same in all studies included in the meta-analysis. The random-effects model does not make this assumption (14, 15) and allows for the possibility that the population parameter values vary from study to study (2, 14) . However, because the random-effects model assumes that effect sizes (Ls) are randomly sampled from a L 2 σ > 0 population, the validity of this model is integrally tied to the procedures that are followed in selecting the meta-analysis studies and to the purported generalizability of the inferences to be drawn from the results (30) . For example, suppose that every effort is made to retrieve all of the relevant studies of the efficacy of a particular fungicide. If the effort is successful, the entire population of Ls will have been selected, under the assumption that the population has not been hypothesized to also include all future relevant studies. More realistically, there will be studies that will not be reported, and these studies arguably could differ in some systematic way from those that are selected and included in the analysis. Because the studies have not been randomly selected from the population, the random-effects model will tend to overestimate σ is large, nonrandom sampling of the studies may yield very similar collections of studies from one meta-analysis to the next, hence limiting the actual variability in Ls. As such, the random-effects model does not hold true, at least according to a strict view of randomization in statistical inference. It is also true that fixed-and random-effects models give similar answers when there is, in fact, a common population effect size and there are situations in which the fixed-effects model is appropriate even when there is substantial heterogeneity of results (16) . The choice of which meta-analytic model to use should be based on contextual conditions (i.e., factors associated with the heterogeneity of Ls) in which the studies were conducted and the domain over which the effect of interest is to be generalized (30) . Fixed-effects models should be preferred when the contextual conditions are sufficiently defined and the sample domain closely matches the population domain, whereas random-effects models should be used if the contextual conditions are not well defined or the sample domain notably underrepresents the population domain.
In a variety of ceteris paribus conditions, cucumber is more susceptible to cucurbit downy mildew than other cucurbitaceous host crops (43) . In this study, fungicide efficacy was greater for the susceptible cucumber than the relatively less susceptible cucurbit host types such as muskmelon, pumpkin, and watermelon. The efficacy of fungicides has also been reported to be higher in susceptible than resistant genotypes in the control of Fusarium head blight in wheat (20) and late blight in potato (24) while, in some studies (28, 33) , fungicide efficacy has been reported to be lower in susceptible than in resistant genotypes. Thus, although yield response to fungicides and cost of reduced yield were not evaluated in this study, fungicide use in cucurbit downy mildew is likely to be more cost-effective for cucumber than other cucurbitaceous crops. When other cucurbit types were analyzed separately, fungicide efficacy overall was greater for Cucumis melo (cantaloupe and muskmelon) than Cucurbita pepo (squash) or Citrullus lanatus (watermelon). However, the possible beneficial effect of fungicide use on cantaloupe and muskmelon is clouded by the considerable variation in the fungicide efficacy results associated with this subgroup.
Prior to 2004, downy mildew was primarily a problem on squash, pumpkin, and melon and less of a problem on cucumber, where it was inconspicuous in North Carolina (34) . Downy mildew had been successfully controlled on cucumber through the use of resistant cultivars since the 1950s (40) . However, in 2004, severe outbreaks caused considerable losses in the eastern U.S. cucumber crop (17) . This severe outbreak may explain the significantly lower efficacy of fungicides in the 2004-05 season reported in this study. The use of less effective fungicides and the high disease pressure early in the season could also have contributed to the lower efficacy of fungicide observed in 2004-05 season. It was suggested that a new population of P. cubensis had appeared in the United States, and subsequent studies showed that these new strains were more aggressive on cucumber than those collected prior to 2004 (7) . Around this 2004-05 growing season, a new pathotype of P. cubensis able to attack squash and pumpkin was also reported for the first time in Israel (5). However, no data exists to suggest that this emergence of aggressive populations of The presented + L is the expected efficacy when a fungicide is applied to control any amount of disease intensity on any cucurbit host. However, in some cases, fungicides may have been applied when there was no disease or the disease intensity was very low; or, sometimes, fungicides were applied when disease intensity was moderate or very high. This study showed that disease pressure affected fungicide efficacy. The lowest L was observed in studies where the disease pressure was low and variability was also highest for this category of disease pressure. For example, the standard error of L was higher and the 95% confidence interval was wider for studies with low disease pressure than for studies with higher disease pressure. This high variability could be due, in part, to less precise measurements of low disease levels. A similar response of low disease intensity to fungicide applications has been reported for a synthesis of the efficacy of tebuconazole on Fusarium head blight of wheat (32) . When disease pressure is low, a lack of benefit from fungicides is not surprising because there would be little or no disease present. The highest L was found in studies that had a moderate amount of disease pressure. In studies where disease pressure was high, the decrease in L was relative to fungicide efficacy observed in studies with moderate disease pressure. The low L at high disease pressure is probably due to the inability of fungicides to prevent all infections under conditions that were presumably very conducive for disease development. It is also possible that sprays were initiated too late to result in any meaningful level of disease control. Assuming that disease pressure influenced the need to spray, it is plausible that this would explain the low L in studies in which a few (1 to 4 sprays) or a very large number of appli- cations (>6 sprays) were used to control the disease. For example, in studies that received fewer sprays, disease intensity was very low or no disease was present, resulting in reduced control. The corresponding L associated with this latter group also had the widest bands for the 95% confidence interval.
Among the chemical products evaluated in this study, the pyridinylmethyl-benzamide (fluopicolide), carbamate (e.g., propamocarb), and quinone inside inhibitor (QiI) (e.g., cyazofamid) groups of fungicides were the most effective, whereas the CAA (dimethomorph and mandipropamid) group was the least effective. The phenylamide (metalaxyl) group of fungicides (45) has been used as a reference group when establishing the effectiveness of other fungicides in downy mildew control (12) . In this study, the efficacy of phenylamides was less than the overall average efficacy of chemical products used to control cucurbit downy mildew. The reduced efficacy of phenylamides is most likely due to insensitivity of P. cubensis (6) to this group of fungicides. Fluopicolide is the first derivative of the new acylpicolide class of chemicals, whose mode of action is interference with the delocalization of spectrin-like proteins during mitosis (42) . This fungicide is also highly effective against other oomycetes such as Phytophthora infestans, for which consistent control has been reported (9) . The reduced efficacy of CAA fungicides observed here may be due to increased insensitivity of Pseudoperonospora cubensis to this group of fungicides. Zhu et al. (49) reported a high risk for the occurrence of resistance to flumorph in P. cubensis in a cucumber crop in China. In the latter study (49) , flumorph also showed cross-resistance with dimethomorph and iprovalicarb. Mandipropamid was ineffective when first tested in several field studies in the United States in 2005 (8) , which provides further evidence of cross resistance among the CAA fungicides.
One strategy that is recommended to prolong the efficacy of systemic fungicides is their use with compounds with different active ingredients (45) and, preferably, protectant fungicides. Mathematical models and experimental studies indicate that such mixtures reduce selection of resistant subpopulations compared with sensitive subpopulations (21, 41) . In P. cubensis, a mixture of flumorph and mancozeb was reported to provide significantly better control of cucurbit downy mildew than flumorph alone and resulted in a delay in resistance development (49) . In another study, the relative increase in control of metalaxyl-sensitive strains of P. cubensis obtained from a metalaxyl-mancozeb mixture, compared with metalaxyl alone, was in the order of 3 to 24 (37) . Although the actual mechanism governing synergy between fungicides with different modes of action is not known, it has been speculated that exposure of fungal propagules to sublethal concentrations of one fungicide weakens them to an extent that sublethal concentrations of the second fungicide will be detrimental (37) . This may partly explain the higher L observed in this study for a mixture of protectant and systemic fungicides compared with systemic fungicides alone. In the present study, a mixture of a protectant (e.g., mancozeb and chlorothalonil) and metalaxyl resulted in an improved efficacy compared with metalaxyl alone. Generally, mixtures of systemic fungicides also had greater efficacy against downy mildew than did individual systemic fungicides.
In summary, fungicide groups provided a significant reduction in cucurbit downy mildew, although there was considerable unexplained variability in their efficacy. Further, fungicide efficacy was greater in cucumber than in all other cucurbit crops, with a moderate number of applications resulting in the most effective control. Due to lack of published data on disease-related yield losses associated with specific levels of disease intensity, it not is clear whether the estimated degree of control reported in this study economically justifies routine fungicide application for cucurbit downy mildew control. Given that disease pressure will vary yearly, a more rational management approach should consider economic factors and local and regional disease risk to improve fungicide decision making. Due to the nature of the available data, this meta-analysis did not consider other factors that would influence fungicide efficacy, such as timing of first application (i.e., disease severity at first application), different types of surfactants and adjuvants, and amount of active ingredients. Disease severity at first application can be used to determine whether a threshold effect operates in the cucurbit downy mildew system (i.e., whether applying the first fungicide after some severity threshold is exceeded would result in reduced disease control or reduced yield response and how this varies for different cucurbit crops). Nonetheless, our results show a clear difference in efficacy among several fungicide groups alone or in combination, and provide critical information that should be taken into account when using fungicides for cucurbit downy mildew control.
